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Abstract 
Numerous experiments demonstrate a high level of promiscuity and structural disorder in 
organismal proteomes. Here we ask the question what makes a protein promiscuous, i.e., 
prone to non-specific interactions, and structurally disordered. We predict that multi-scale 
correlations of amino acid positions within protein sequences statistically enhance the 
propensity for promiscuous intra- and inter-protein binding. We show that sequence 
correlations between amino acids of the same type are statistically enhanced in structurally 
disordered proteins and in hubs of organismal proteomes. We also show that structurally 
disordered proteins possess a significantly higher degree of sequence order than structurally 
ordered proteins. We develop an analytical theory for this effect and predict the robustness of 
our conclusions with respect to the amino acid composition and the form of the microscopic 
potential between the interacting sequences. Our findings have implications for 
understanding molecular mechanisms of protein aggregation diseases induced by the 
extension of sequence repeats. 
Keywords: Protein promiscuity, protein-protein interactions, intrinsically disordered proteins. 
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Introduction 
 
Understanding molecular mechanisms providing specificity of protein-protein binding within 
a cell has been challenged by recent experimental evidences that a significant fraction of 
proteins in higher eukaryotes are either entirely or partially intrinsically disordered and thus 
each such protein presents an ensemble of structures 1; 2; 3; 4. Introduction of high-throughput 
technologies for determining protein-protein interactions (PPI) enables researchers to address 
the key question: How molecular properties of individual proteins shape their global, physical 
interaction properties within a cell 5; 6? The two methods that provide the dominant amount of 
such PPI data are the high-throughput yeast two-hybrid (Y2H) 7; 8; 9 and affinity purification 
followed by mass spectrometry (AP/MS) 10; 11; 12. While the accuracy assessment of these 
experiments is still a matter for research 10; 13; 14, and they do not provide dynamical and 
functional properties of interactions 9, yet they do provide a remarkable snapshot of physical 
interaction map that might exist within a living cell. These experiments demonstrate that 
entire organismal proteomes possess a high degree of multi-specificity 9; 11; 12; 15; 16; 17, with a 
fraction of proteins (termed ‘hubs’) physically interacting with tens and even hundreds of 
partners. One open question is how these physical, binary PPI maps are related to functional, 
biological PPI maps 9; 18? A closely related question is how the functional multi-specificity is 
linked to non-functional promiscuity 4; 19; 20; 21? Are functionally multi-specific proteins 
inherently more promiscuous? In this paper we use the term ‘promiscuity’ or ‘inter-protein 
promiscuity’ to describe the propensity for enhanced non-specific binding between proteins. 
The term ‘intra-protein promiscuity’ is used here to describe the propensity for enhanced 
non-specific intra-molecular binding, which we suggest leads to an enhanced level of 
structural disorder.  
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 In this paper we predict that protein sequences with enhanced correlations of 
sequence positions of amino acids of the same type generally represent more structurally 
disordered and more promiscuous sequences. In particular, we show that sequences of 
structurally disordered proteins possess significantly stronger correlations than sequences of 
structurally ordered proteins, such as all-alpha and all-beta proteins. We also show a strong 
signature of the predicted effect in hub proteins (identified by high-throughput Y2H and 
AP/MS experiments) of eukaryotic organismal proteomes.  
 Intuitively, sequence ‘correlations’ mean statistically significant repeats of sequence 
patterns. The existence of periodicities in protein sequences has been known since seminal 
works of Eisenberg et al 22; 23; 24; 25; 26; 27. Most of these investigations show that sequence 
periodicities arise due to the existence of symmetrical structural elements such as alpha 
helices and beta sheets. More recently sequence periodicities have been also observed in 
disordered proteins 28; 29; 30; 31; 32. It is also predicted that hub proteins possess a higher level of 
intrinsic disorder compared to non-hub proteins 33; 34. Here we suggest a mechanism that 
explains why this is the case, and predicts which sequence correlations induce structural 
disorder and enhance promiscuity.  
 
Results 
 
Computational analysis of sequence correlations 
 
We first analyze the non-redundant dataset of structurally disordered proteins 35 (Materials 
and Methods). The comparison of correlation properties of structurally disordered proteins 
with all-alpha proteins shows that sequences of disordered proteins are significantly stronger 
correlated than sequences of perfectly structured proteins. We characterize the correlation 
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properties of amino acid positions within protein sequences by the normalized correlation 
function, 
ηαβ (x) = gαβ (x) / gαβr (x)  ,                                          Eq. (1) 
where gαβ (x)  is the probability to find a residue of type α  separated by the distance x  from 
a residue of type β , and gαβr (x)  is the corresponding probability for the randomized 
sequence set, averaged with respect to different random realizations (see Materials and 
Methods). If ηαβ (x) > 1, then the two residues α  and β  are statistically correlated at the 
distance x ; while for entirely random sequences, ηαβ (x) = 1 . We emphasize that the 
definition, Eq. (1), removes the average amino acid compositional bias, and thus describes 
the correlation properties of different amino acid types on the same footing, despite the 
compositional differences between amino acids. 
 The twenty diagonal elements, ηαα (x) , of the entire correlation matrix, ηαβ (x) , for 
both disordered and all-alpha proteins datasets are represented in Figure 1A. The strength of 
diagonal correlations is significantly higher in disordered proteins than in all-alpha proteins 
(p-values are given in Table 1, see also Materials and Methods). The comparison of 
disordered proteins with all-beta proteins shows similar results (Supporting Information, 
Figure S1). The notable feature of the observed highly correlated sequence motifs is that 
strong correlations are observed at multiple length-scales, with the range of correlations 
reaching tens and even hundreds of residues. One interesting residue demonstrating strong, 
long-range correlations is Gly. In particular, there are 78 non-redundant proteins with a large 
number of repeats (contributing to the peaks in the correlation function, ηGG (x) ) containing 
Gly in each of these proteins. There are 207 different Pfam domains 36 that constitute these 78 
proteins. However, the most common domain, collagen, is shared only by four different 
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proteins out of 78, Table S1. This shows that the observed effect is quite general and not 
dominated by one particular protein family. 
To characterize the sequence correlations further for each group of proteins, we 
introduce the cumulative correlation function, Ηαβ ,  
Ηαβ = ηαβ (xi )
xi ∈max[ηαβ (xi )]
∑ ,                                          Eq. (2) 
where the summation is performed at the peaks of ηαβ (x) . Due to the fact that for many 
amino acids ηαβ (x)  exhibit enhanced correlations at different length-scales (ηGG (x)  
represents the most striking example of such behavior, Figure 1), we have chosen to sum with 
respect to peaks in Eq. (2). This procedure takes into account the enhanced sequence 
correlations at all length-scales on the same footing, and not only short-range correlations 
(Materials and Methods). The ratio, χαβ = Ηαβ
dis /Ηαβalpha , characterizes the relative correlation 
strength in disordered proteins compared to all-alpha proteins, Figure 1B and C (Figure S1, 
for all-beta proteins). A key observation here is that the diagonal correlations, χαα , are the 
strongest. In particular, in disordered proteins the diagonal cumulative correlations are 
statistically significantly stronger than in all-alpha proteins, χαα > 1.1 , for G, Y, R, W, S, E, 
P, D, Q, A, K, T, and there no amino acids having an opposite trend (see Table 1 for p-
values). When we remove 10% of longest sequences from our non-redundant dataset, ten out 
of twelve overrepresented amino acids remain significantly correlated; with only χKK  
slightly reduced, but still significant, χKK > 1.05 , and W is rejected by the p-value analysis, 
Figure S2. Our analytical model presented below predicts that the observed enhanced 
strength of diagonal correlations provides the enhanced promiscuity to the sequences.  
 We note that the computed set of strongly correlated amino acids linked to structural 
disorder: G, Y, R, W, S, E, P, D, Q, A, K, T, stems from a different origin than the known set 
of amino acids: P, Q, S, E, K, R, (and G is reported in some studies 37), compositionally 
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overrepresented (on average) in disordered regions of proteins 37. Strikingly, we observe that 
compositionally low abundant amino acids, Y and W, show statistically significant 
correlation signal in disordered proteins.   
 In order to estimate the effect of sequence correlations on inter-protein promiscuity, 
we compare the correlation properties of hubs as compared to ‘ends’ (proteins having just 
one detectable interaction partner), in human, yeast and E. coli, Figure 2A. We used the high-
quality Y2H PPI dataset produced by the Vidal group for the human proteome 9, and curated 
AP/MS datasets for yeast 11; 12; 15, and E. coli 16 (Materials and Methods). These high-
throughput methods produce a snapshot of physical interactions on an entire proteome level. 
The key working hypothesis that we advocate here is that highly connected proteins possess 
the enhanced propensity for non-specific binding. 
 For six amino acids, H, F, I, P, G, Y, the diagonal cumulative sequence correlations in 
human hubs are statistically significantly stronger than in ends, χαα > 1.1  (see Table 1 for p-
values). Only for Q correlations are stronger in ends than in hubs, and for C and W the results 
are not statistically significant. Qualitatively similar, yet quantitatively weaker effect is 
observed in yeast, with W and Q, having stronger diagonal correlations in hubs than in ends 
( χWW,χQQ > 1.1), and one amino acid, H, having an opposite trend, χHH < 0.9 , Table 1. It is 
remarkable that χHH  and χQQ  behave qualitatively differently in human and yeast proteomes. 
Note that if we low the threshold to χαα > 1.05 , stronger diagonal correlations in hubs are 
observed for seven amino acids in yeast, W, Q, P, E, Y, A, and R. In E.coli the effect is yet 
weaker with only one amino acid, C, having stronger correlations in hubs, χCC > 1.1, and if 
we low the threshold to χαα > 1.05 , statistically significant correlations are observed for C 
and T (see Table 1 for p-values). A notable feature observed in organismal interactomes is 
that P and Y demonstrate strong correlation effect for hubs both in human and yeast. 
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We also compared the correlation properties of the entire proteomes in E. coli, yeast 
and human, Figure 2B and C (Figure S3). For nine amino acids, P, H, K, E, R, S, G, A, and Y 
the diagonal correlations are stronger in the human proteome than in bacteria, χαα > 1.1 , with 
no amino acids showing an opposite trend. The computed p-values for all amino acids are 
significant, p ≤ 0.01  (Materials and Methods). Our findings suggest therefore that human 
and yeast proteomes possess a statistically higher level of protein promiscuity compared to 
bacteria. This latter observation is also in agreement with a known prediction that the 
bacterial proteome contains practically no disordered proteins 3. 
We predict below that enhanced diagonal sequence correlations observed in hub 
proteins lead to enhanced propensity for non-specific binding. Since many hub proteins 
detected in Y2H and AP/MS experiments are confirmed to be functionally multi-specific in 
vivo 9; 12; 18, our prediction suggests that enhanced non-specific binding and functional multi-
specificity might be tightly linked. We suggest that a significant fraction of functionally 
multi-specific proteins might be inherently highly promiscuous.  
 
Theoretical model  
 
To answer the question why do enhanced diagonal sequence correlations lead to enhanced 
intra- and inter-protein promiscuity, we developed a simplified biophysical model that 
captures the effect of sequence correlations on the sequence interaction properties 38. Here we 
provide an intuitive summary of our rigorous, analytical results 38. The predicted effect 
originates from the enhanced symmetry of correlated sequences, and it is conceptually similar 
to the effect induced by the enhanced structural symmetry of interacting proteins investigated 
earlier 39; 40; 41; 42. Formally promiscuity means that the free energy spectrum for non-specific 
binding is shifted towards lower energies. Specifically, we can define the probability 
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distribution, P(E) , of the interaction energy, EA , between the sequence A with given 
correlation properties and a sequence from the target set (e.g. the set of random binders to 
sequence A). The sequence A is designed using the stochastic procedure described below. The 
target set is not supposed to be optimized in any way for stronger binding with A. We can 
now compare the promiscuity of two sequences, A and B by comparing the standard 
deviations of the corresponding probability distributions, σ A  and σ B . We have recently 
shown analytically that if σ A > σ B , the corresponding free energies will always obey, 
FA < FB  43, where FA  and FB  is the average interaction free energy of protein A and B, 
respectively, with the target dataset. The averaging is performed with respect to different 
realizations of sequences A and B, respectively, and with respect to different realizations of 
sequences from the target set. We assume that the average interaction energies are equal, 
EA = EB . The latter constraint is satisfied when the average amino acid compositions of A 
and B are equal 38. We use this definition of promiscuity to describe both intra-protein and 
inter-protein promiscuity.   
 We first introduce a toy, one-dimensional lattice model that intuitively explains the 
nature of the predicted effect. We consider a set of sequences, each sequence of length L , 
with two types of amino acids, H and P, distributed at random positions along the sequence, 
Figure 3A. The amino acid types, H and P are entirely arbitrary. We now define the 
interaction energy, E , between a sequence from this set, and some 'target' sequence, 
E = J sii=1
L∑ , where si  is a random variable that can acquire two values, si = 1  and si = −1 , 
that corresponds to H and P amino acid types, respectively, at position i  along the protein 
sequence, and J  defines the inter-sequence binding strength. The averaging with respect to 
different sequence realizations obviously gives, si = 0 , s2i = 1 , and sis j = 0 , for any 
i ≠ j . Therefore, the variance of E , σ 2 = E2 = L ⋅ J 2 . Next we assume that the sequence 
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set is not random, but rather amino acids of the same type form adjacent pairs within the 
sequence, but there are no other correlations beyond the formed pairs, Figure 3B. In this case 
(we term it C2), due to the symmetry, the interaction energy between a pair of sequences, 
EC2 = 2J sii=1
L /2∑ , and its variance, E2C2 = 2L ⋅ J 2 = 2σ 2 , is twice as large as in the first case. 
In the case where three adjacent amino acids of the same type are clustered (C3), Figure 3C, 
the interaction energy, EC 3 = 3J sii=1
L /3∑ , and its variance, E2C 3 = 3L ⋅ J 2 = 3σ 2 . In all three 
cases the average energy, E  is zero, and the only difference arises from the standard 
deviation of the probability distribution, P(E) , which is the Gaussian distribution according 
to the central limit theorem 44. The longer is the correlation length of such homo-oligomer 
clusters, the higher the sequence symmetry, and the larger the standard deviation of P(E) . 
We have recently shown analytically that if two Gaussian probability distributions, P(E1)  
and P(E2 ) , are characterized by non-equal standard deviations, σ1 > σ 2 , then the 
corresponding average free energies, F1  and F2 , computed from these distributions always 
obey, F1 < F2  43. In particular, F1 − F2 = −(σ12 − σ 22 ) / 2kBT , where kB  is the Boltzmann 
constant, T  is the absolute temperature, σ12 = E12 , and σ 22 = E22  43. The key point here is 
that this result is invariant with respect to the sign of the inter-sequence binding constant, J . 
The strength of the predicted effect is entirely governed by the symmetry properties of 
sequence correlations. The toy model is easily generalizable to any number of amino acid 
types, simply by increasing the number of states in si , and leads to identical conclusions.  
 An example of a human protein sequence demonstrating strong diagonal correlations 
is shown in Fig. 3D. The Ewing sarcoma related protein (EWSR1) has 94 interaction 
partners, and is one of the strongest hubs in the human PPI network measured by the Vidal 
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group 9. Mutations in this oncogenic protein cause the Ewing sarcoma, a very aggressive, rare 
cancer occurring predominantly in children 45. 
 We introduce now a more detailed model for ‘random’ and ‘designed’ (or 
‘correlated’) protein-like, sequences. Here we consider generic, long-range inter-sequence 
and intra-sequence interaction potentials. We also introduce a stochastic sequence ‘design’ 
procedure where we generate sequences with controllable strength and symmetry of sequence 
correlations. For simplicity we again use a minimalistic sequence alphabet with two types of 
amino acids, H and P. The notion of H and P amino acids stands here just in order to 
distinguish between two different amino acid types, and it does not constrain our conclusions 
to just hydrophobic and polar types. Our conclusions hold true for any number of amino acid 
types. Random sequence is obtained by distributing Nh  and Np  amino acids at random 
positions within the one-dimensional sequence of the total length, L = Np + Nh . Our 
simplistic approach therefore does not explicitly take into account the folding of the 
sequence. In order to obtain a correlated sequence, we allow residues to anneal at a given 
‘design’ temperature, Td . We impose that amino acids within the sequence under the design 
procedure interact through the pairwise additive design potential, 
  
Uαβ (x), where 
  
Upp (x), 
  
Uhh (x) , and 
  
Uhp (x)  is the interaction potential between PP, HH, and HP amino acid types, 
respectively, and x  is the distance along the protein sequence. Each sequence configuration 
is then assigned its Boltzmann weight and accepted with the standard Metropolis criterion 46. 
The only two assumptions about the interaction potentials, 
  
Uαβ (x), are that they are pairwise 
additive and have a finite range of action. Examples of correlation functions computed for 
designed and random sequences are shown in Figure 4A. 
 Our next step is to analyze the probability distribution P(E)  of the interaction energy, 
  
E , between the random and correlated sequences. Every pair of interacting sequences 
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consists of one random and one correlated sequence superimposed in a parallel configuration. 
The inter-sequence interaction potentials, Vpp (ρ) , Vhh (ρ) , and Vhp (ρ)  can have an arbitrary 
form, where ρ  is the inter-sequence distance. The probability distribution, P(E) , is 
characterized by its mean, E , and by the variance, σ 2 . The larger σ , and thus the broader 
the distribution, P(E) , the more promiscuous the correlated sequences. The mean is 
independent of the design potential, Uαβ (x) , and the variance, σ 2 = E − E( )2 , possesses 
two key properties 38. First, the more negative the effective ‘design’ potential, 
U(x) =Upp +Uhh − 2Uph , the greater is σ . One concludes that in order to increase σ  one 
needs to design the sequences with enhanced correlations in the positions between amino 
acids of similar types. This means that correlated sequences where amino acids of similar 
type are clustered together will be the more promiscuous sequences. Second, such correlated 
sequences will interact statistically stronger (than non-correlated sequences) with any set of 
arbitrary sequences independently on the sign of the inter-sequence interaction potential, 
V (ρ) . This is in accordance with the conclusion about the invariance of E2  with respect to 
the sign of J , obtained above for the toy model. The predicted effects therefore are generic 
and qualitatively independent of the specific form of the inter-residue interaction potentials 
and on the amino acid composition of sequences. Intuitively, stronger correlations correspond 
to repetitive sequence patterns with a longer correlation length. The properties of the 
correlated patterns depend critically on the sign of the interaction potentials, Uαβ (x) , used in 
the design procedure. If the effective design potential U(x)  is overall negative (this 
corresponds to the attraction between the amino acids of similar types), the correlated 
patterns will have the form of repetitive residues of the same type, for example: 
HHHHPPPPHHHPPP… For entirely uncorrelated (random) sequences, all matrix elements 
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of ηαβ (x)  are equal to unity. Clustering of amino acids of similar types corresponds to 
ηαα (x) > 1 , Figure 4A. An example of correlation functions computed for the set of 
disordered proteins, where amino acids of similar types are statistically clustered is shown in 
Figure 4A. We computed P(E)  for two representative cases, Figure 4B. In the first case each 
interacting pair consists of designed and random sequences, and in the second case it consists 
of two random sequences, Figure 4B. In accordance with the analytical prediction, the 
standard deviation of E  in the first case is larger than the standard deviation in the second 
case, Figure 4B. The key message here is that enhanced correlations between amino acids of 
the same type lead to the broadening of the distribution, P(E) . Such broadening implies that 
the corresponding free energy will be always lower for stronger correlated sequences 43.  
We stress that the presented simplified model does not explicitly take into account 
protein folding and, therefore, underestimates the effect of longer-range sequence 
correlations induced by the presence of a protein chain. Taking protein folding into account 
properly should provide an additional insight into the effect of long-range sequence 
correlations on protein structural disorder. Elucidation of the latter issue is the subject of our 
future work. We note that many disordered protein regions are predicted to contain linear 
sequence motifs that participate in numerous functional interactions 47. It was recently 
suggested that such linear motifs play a key role in the dosage-induced toxicity effect 48. Our 
theory is directly applicable to the latter case. 
 
Discussion 
 
We note that consistent with our predictions, it was observed recently in 32 that homo-
oligomer repeats are overrepresented in human, chimp, mouse, rat, and chicken genomes. 
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Remarkably, nine highly correlated residues observed in our analysis of disordered proteins: 
G, R, S, E, P, D, Q, A, and T, also appear among the residues forming frequent homo-
oligomer repeats consisting of four repeated amino acids observed in 32. In addition, we 
observed that three other amino acid types, Y, W, and K, possess strong diagonal 
correlations. Here we showed that this effect is much more general: It is the statistical 
propensity for promiscuous binding that is controlled by the strength of diagonal sequence 
correlations. One interesting example of highly correlated protein is titin, 2MDa_1, Figures 
S4 and S5. This long protein with 18,534 amino acids contains 41 repeated immunoglobulin 
I-set domains and 9 fibronectin Fn3 domains. However, the correlation analysis shows that 
the strongest correlations come from the 6000 amino acids long inter-domain region, Figure 
S4, S5. This region does not contain any immunoglobulin and fibronectin domains, but yet 
shows the strongest diagonal correlations. It is remarkable that the dominant contribution to 
diagonal correlations does not come from repeated structural domains. Based on our 
statistical analysis, this latter observation seems to represent the general rule.   
 We stress that a key prediction of the model is that highly promiscuous sequences (i.e. 
sequences with strong propensity to non-specific binding) possess strong diagonal 
correlations, ηαα (x) > 1 , and at the same time, weak off-diagonal correlations, ηαβ (x) < 1, 
Figure 4A. Remarkably, we observe qualitatively similar behavior in the off-diagonal 
correlation functions of disordered proteins, Figure 5. In the examples presented in Figure 5 
we show that the off-diagonal correlation functions are significantly reduced, ηαβ (x) < 1, for 
amino acids demonstrating strong diagonal correlations, such as Q, S, P, E, R, and A. 
Intuitively, strong diagonal correlations correspond to homo-oligomer repeats within protein 
sequences. Such repeats represent the most promiscuous sequences according to our model. It 
is known that many proteins involved in neurodegenerative diseases are mutated in a way 
that expands the length of repeated sequence regions. One of the most prominent examples is 
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the huntingtin protein involved in Huntington’s disease 49. This protein has numerous repeats 
such as polyQ and polyP and it is known that the extended polyQ mutants are prone to 
aggregation 49.  
In summary, here we suggest a mechanism that explains why sequence repeats of 
particular symmetries lead to enhanced protein promiscuity. We predict that both enhanced 
structural disorder and enhanced non-specific binding arise due to the enhancement of 
diagonal correlations of amino acid positions within protein sequences. We suggest that such 
enhanced diagonal correlations generically widen the energy spectrum of non-specific states 
within or between the proteins, which generically leads to the lowering of the free energy for 
disordered conformations or non-specific binding. In the former case (intra-protein 
promiscuity), the effect leads to the increased probability for thermodynamically allowed, 
non-native conformational states. We emphasize that our theoretical predictions concerning 
the intra-protein binding require further analysis, to take into account the actual folding of 
proteins with correlated sequences. However, a more detailed preliminary analysis based on 
theory of protein-like heteropolymers 50 indicates that enhanced sequence correlations give 
rise to greater structural flexibility of folded proteins. In the latter case (inter-protein 
promiscuity), this leads to the increased probability for thermodynamically allowed, non-
specific binding states. This statistical effect is driven by symmetry properties of sequences 
and hence it is qualitatively robust with respect to parameters of the system, such as amino 
acid composition and specific form of the interaction potentials.  
Our model description of inter- and intra-protein interactions is highly simplified, yet 
we suggest that the biophysical mechanism providing enhanced protein promiscuity 
described here is quite general and is likely to be the rule rather than the exception. The fact 
that many hub proteins detected by high-throughput Y2H and AP/MS screens are also 
confirmed being functionally multi-specific proteins 9; 12; 18 suggests that functional multi-
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specificity and non-functional promiscuity might be linked by a common design principle 
predicted here.  
 
Materials and Methods  
 
Disordered proteins dataset 
To compute sequence correlations in disordered proteins, we used the database of disordered 
proteins DisProt 5.4 35, http://www.disprot.org/ . From this database, we selected a set of 547 
non-redundant proteins with a mutual, pairwise sequence identity of less than 40%, Table S2. 
The experimentally known structurally ordered parts (such parts are systematically annotated 
in 35) were removed from the selected set of sequences. We computed sequence correlations 
without aligning the sequences. In order to remove the bias, we did not include in our 
statistical correlation analysis the longest protein, titin (2MDa_1), with the length of 18,534 
amino acids. We analyzed the correlation properties of this protein separately, Figures S4 and 
S5. We also performed an additional statistical significance test, removing from our curated 
dataset 10% of the longest sequences, and obtaining similar results, Figure S2. We computed 
the p-value for each reported value of χαα , and the results are shown in Table 1. 
All-alpha and all-beta proteins dataset 
We selected the non-redundant sequences of all-alpha and all-beta proteins (with a pairwise 
sequence identity of less than 40%) from the Astral database 51, http://astral.berkeley.edu/ . 
We used a set of 1531 all alpha and 1348 all beta proteins, respectively, with the total 
sequence length equal approximately to the total sequence length of the disordered protein 
set.  
Hubs and ends in human, yeast, and bacterial proteomes 
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Human: We used the yeast two-hybrid (Y2H), high-quality PPI data produced by the Vidal 
group 9. Hubs were defined as proteins having 10 or more binding partners. Ends were 
defined as proteins for which only one interaction was detected. There were total of 107 hubs 
and 136 ends, Table S3. Yeast: We used the curated PPI dataset from 15 with a similar 
definition of hubs and ends as in the human PPI dataset. There were total 590 hubs and 693 
ends, Table S4. E. coli: We used the PPI dataset from 16 for the K-12 strain W3110 with 277 
hubs and 294 ends, Table S5. In each of the three organisms the total sequence length of hubs 
was approximately equal to the total sequence length of ends. In each organism the mutual, 
pairwise sequence identity in hubs and ends was imposed to be less than 75%. 
Entire proteome data  
The entire proteome sequences for human, yeast and E. coli (strain K-12, W3110) were 
downloaded from the NCBI site, http://www.ncbi.nlm.nih.gov/guide/genomes-maps/ . Each 
proteome was filtered from redundant proteins to reach the mutual, pairwise sequence 
identity of less than 40%. This left us with 12,033, 5112, and 3683 proteins in human, yeast, 
and E. coli, respectively.  
Analysis of sequence correlations 
In order to compute the average, gαβr (x) , in Eq. (1), we used five randomized replicas for 
each protein sequence. All presented correlation functions, ηαβ (x) , are computed with 
respect to the entire set of non-aligned protein sequences in a given group (e.g. disordered 
proteins, hubs, ends, entire proteomes for each organism, etc.). In order to compute the 
cumulative correlation functions, Ηαβ , we have performed a summation with respect to five 
largest peaks of ηαβ (x)  in Eq. (2). We have also tried different definitions for the cumulative 
correlation function (for example, summation with respect to the first few consecutive 
distances, x , in Eq. (2)), which do not alter our qualitative conclusions, yet lead to 
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quantitative differences (data not shown). The summation with respect to peaks of ηαβ (x)  has 
the advantage that it takes into account the strongest sequence correlations at all length-scales 
on the same footing (and not only short-range correlations). In our estimates of amino acids 
with significantly overrepresented correlation strength, we have chosen to use 10% or 5% 
threshold for the relative correlation strength, χαα . If thus χαα > 1.1  or χαα > 1.05 , and the 
corresponding p-value, p < 0.05 , we assigned α  to a set of significantly correlated amino 
acids.  
p-value calculations 
In order to compute the p-values, we first prepared one hundred reshuffled replicas for each 
sequence dataset (i.e., for disordered proteins; for hubs and ends in human, yeast and E. coli; 
and for the entire proteomes of these organisms, as explained above). We reshuffled each 
protein sequence separately, without changing its average amino acid composition, and just 
exchanging the sequence positions of amino acids. In order to estimate the p-value, we 
performed one thousand calculations for each case, exactly as described in the main text, but 
every time using the corresponding randomized dataset instead of actual, biological 
sequences. We then counted the number of occurrences for the randomized dataset, 
Nrand (χαβrand ≥ χαβ ) , when, χαβrand ≥ χαβ , and estimated the corresponding p-value, 
 p  Nrand / 1000 . Due to a high computational complexity for entire proteome p-value 
calculations, we assigned statistical significance using only hundred randomized datasets.  
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Table Legends 
Table 1. p-values for statistical significance of cumulative correlation functions, χαα , 
computed for all analyzed datasets. The details of p-value calculations are given in Materials 
and Methods. Zero values correspond to p < 0.001 .  
 
 
Figure Legends 
 
Figure 1. Sequence correlations in structurally disordered proteins compared to all-
alpha proteins. 
A. Diagonal elements of the correlation function, ηαα (x) , for all 20 types of amino acids for 
intrinsically disordered protein (red circles) and all-alpha proteins (blue diamonds). B. The 
heat-map representation of the entire cumulative correlations matrix, Ηαβ , for disordered, 
and all-alpha proteins. C. The diagonal elements of the ratio, χαβ = Ηαβdis /Ηαβalpha .  
 
Figure 2. Sequence correlations in hubs, ends and entire proteomes in human, yeast, 
and E. coli.  
A. Relative correlation strength of hubs compared to ends, χαα = Ηααhubs /Ηααends , for human, 
yeast, and E. coli, respectively. We detected strong compositional variability of Cys in the 
dataset of human ends, making the result for χCC  not statistically significant. B. The 
cumulative correlation matrix, Ηαβ , for the entire human and E. coli proteomes, respectively. 
C. Relative correlation strength, χαα = Ηααhuman /Ηααecoli , of diagonal correlations of the entire 
human compared to the entire E. coli proteomes. 
 
Figure 3. Diagonal sequence correlations and promiscuity. Toy model.  
Cartoon for the toy model shows the pairs of interacting sequences, where one sequence has a 
varying symmetry of sequence correlations, random sequence (A), designed sequence with 
perfectly correlated nearest-neighbor amino acids of the same type (B), and designed 
sequence with perfectly correlated nearest-neighbor and next nearest-neighbor amino acids of 
the same type (C). We term such correlations 'diagonal'. The longer the correlation length of 
diagonal sequence correlations, the larger the standard deviation of the binding energy 
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spectrum. (D) Example: One of the strongest hubs from the human PPI network 9, the Ewing 
sarcoma related protein EWSR1, also known as EWS. This 657 amino acids long protein has 
94 interaction partners. Some of the nearest-neighbor correlated amino acids are marked with 
color. There are numerous additional higher-order diagonal correlations in this protein, which 
are not explicitly shown, but can be recognized by an eye. Mutations in this oncogenic 
protein cause the Ewing sarcoma, a very aggressive, rare bone cancer occurring 
predominantly in children. 
 
Figure 4. Sequence correlations and distribution of interaction energies in model 
sequences.  
A. Computed sequence correlation functions for the ‘designed’ sequences, ηpp (x) = ηhh (x)  
(red squares), ηhp (x) = ηph (x)  (blue diamonds); and for the random sequences, (black 
circles). The design potential was chosen to be Upp =Uhh = −1 , and Uhp = 1 , and we assumed 
that only the nearest-neighbor amino acids can interact. The design temperature is Td = 2 . 
The sequence length is 200 amino acids, and we generated 5000 different sequences in each 
calculation. The uniform amino acid composition was adopted: 50% P and 50% H amino 
acids in each sequence. The error bars are smaller than the symbol size. Insert: Example: 
Diagonal, ηRR (x) , and off diagonal, ηRD (x) , correlation functions computed using the 
sequences of structurally disordered proteins (as in Figure 1A). B. Computed probability 
distribution function, P(E) , for the interaction energies between pairs of two random 
sequences (grey), and pairs consisting each of random and designed sequences, where 
designed sequences were generated at Td = 1  (red). The energy E  is normalized per one 
amino acid.  
 
 
Figure 5. Example of off-diagonal correlation functions in structurally disordered 
proteins. 
Example: computed off-diagonal elements of the correlation functions, ηαβ (x) , for 
structurally disordered protein dataset. These correlation functions behave in a qualitative 
agreement with the behavior predicted for the off-diagonal elements of ηαβ (x)  in the model 
promiscuous sequences, Figure 4A, where ηαβ (x) < 1.   
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 Disprot/All 
alpha 
Hubs/ Ends  
Human 
Hubs/ Ends  
Yeast 
Hubs/Ends 
E.coli 
C 0.017 - 0.431 0.001 
M 0.188 0.09 0.301 0.13 
F 0 0 0.047 0.901 
I 0 0 0.162 0.043 
L 0 0 0.008 0.025 
V 0 0.358 0.297 0.03 
W 0.004 0.143 0 0.695 
Y 0 0.013 0.006 0.601 
A 0 0.406 0 0.275 
G 0 0 0 0.474 
T 0 0.047 0.013 0.009 
S 0 0.399 0 0.332 
N 0.001 0.075 0.084 0.338 
Q 0 0.017 0 0.021 
D 0 0.365 0 0.076 
E 0 0.07 0 0.858 
H 0 0 0 0.052 
R 0 0 0 0.744 
K 0 0.07 0.001 0.596 
P 0 0 0 0.038 
 
 
Table 1 
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Figure 2 
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Figure 3 
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Figure 4 
 
 
 
 
 
Figure 5 
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Supplementary Data 
 
Supplementary data to this article can be found online at doi:10.1016/j.jmb.2011.03.056 
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